Achieving a sustainable food supply is crucial to meet the ever-increasing demand emanating from high population growth, rising consumer incomes, and high rates of urbanisation in developing countries including Ghana. The adoption of farm innovations in these countries has proven to be quintessential to the attainment of self-sufficiency in supply food including rice. Nonetheless, the adoption of farm innovations has been challenging. This paper, therefore, analyses the factors that influence the number of farm innovations adopted by rice farmers in two districts of the Upper East Region of Ghana using the Poisson model. The result indicated that the adoption of individual farm innovations was low. The study showed that farm size, labour input, experience in rice farming, access to extension services, and access to credit exerted significant positive effects on the number of farm innovations adopted, whereas farmer age and distance to market tended to decrease the number of farm innovations used by rice farmers. The study concludes that increasing the number of farm innovations adopted tends to promote a sustainable supply of rice output; therefore, food policy should aim at promoting the adoption of different farm innovations in developing countries including Ghana.
Introduction
The global demand for food keeps escalating due to population growth, rising incomes of consumers, and the high rate of urbanisation [1] . The current population of 7.6 billion is expected to grow by 12% in the next 12 years [2] . The African population constitutes 17.17% of this world population [2] . This suggests that food demand will continue to grow accordingly. About 70% of the African population are smallholder farmers who derive their livelihoods from agriculture [3] . These smallholder farmers also supply about 80% of the food demand in Africa, and these small farms tend to provide employment opportunities for many actors in the food supply chain [3, 4] . Surprisingly, smallholders are characterised by high poverty rates and malnourishment. In African alone, about 20% of the population is living below the poverty line, $2 a day, and 20.6% are suffering from food insecurity [5] . Moreover, the farm yields of these farmers are far below the potential yield, especially in the context of rice producers in West Africa, notably Ghana. The available statistics indicate that Ghana supplies only 40% of its rice demand while the remaining 60% is met through importation. Ghana's import bills on rice alone amount to over US $600 million annually [6] . This alarming situation tends µ = exp(X Agriculture 2018, 8 (4) where X is a vector of explanatory variables and ϒ is the parameter to be estimated. This Poisson model (1) is a non-linear model; therefore, the maximum likelihood estimation (MLE) method is employed to estimate the parameters. The MLE is expressed as:
In most empirical data, the equidispersion property of the Poisson distribution is violated. Thus, the expected variance exceeds the expected mean. In this case, overdispersion issue is encountered. This overdispersion problem is accounted for using the negative binomial (NB) distribution.
Once Equation (3) is estimated, the next step is to predict the residuals and include the predicted residuals ( = Ω + + Ψ +Φ + +    (6) Equation (6) is then estimated with the OLS, and if the coefficient (ω ) of the predicted residuals is statistically significant, it confirms the endogeneity of Fi. In this case, Equation (3) is re-estimated, and the predicted number of farm innovations adopted (ˆi F ) is included in Equation (2) = Ω + + Ψ +Φ +    (7) Once the endogeneity problem is addressed, the parameters in Equation (7) can be estimated using the OLS.
Empirical Model Specification
Based on the theoretical foundation, the empirical model employed to analyse the effect of the number of farm innovations adopted on rice yield is specified as: = Ω + + Ψ +Φ +    (8) where Ri denotes rice yield (the quantity of rice output per hectare of land), ij Farm inputs is a vector of farm inputs such as rice seed (the quantity of rice seed in kg) and labour input (mandays). (4) where X is a vector of explanatory variables and (4) where X is a vector of explanatory variables and ϒ is the parameter to be estimated. This Poisson model (1) is a non-linear model; therefore, the maximum likelihood estimation (MLE) method is employed to estimate the parameters. The MLE is expressed as: 
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Once Equation (3) is estimated, the next step is to predict the residuals and include the predicted residuals (F R i ) in Equation (2). This is expressed as:
Institutional ij is a bundle of institutional factors which include access to extension services, access to credit, and market distance. Extension i denotes access to extension service (1 if farmer received extension service in 2011 and 0 otherwise), Credit i denotes access to credit (1 if the farmer had access to credit in 2011 and 0 otherwise), Market i denotes the distance from the farmer's house to the nearest market centre (km).
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N IF i denotes the number of farm innovations adopted by rice farmers in the 2011/2012 cropping season. Farmsize i denotes the area of land under rice cultivation (hectares),
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where Ri denotes rice yield (the quantity of rice output per hectare of land), ij Farm inputs is a vector of farm inputs such as rice seed (the quantity of rice seed in kg) and labour input (mandays). In the estimation of cross-sectional data, the issues of multicollinearity and heteroskedasticity are encountered, and these tend to generate biased results. Therefore, variance inflation factor (VIF) and the Breusch-Pagan/Cook-Weisberg are applied to diagnose the presence of these issues.
Source of Data
The study was carried out in the Upper East Region of Ghana. Rice is considered to be one of the major agricultural activities for most people in the region. Rice production in the region is characterised as small-scale where the majority of the farmers operate on less than 2 ha of farmland. The region contributes about 25% to the total rice output in Ghana. The total land area of the region is 8,842 km 2 which constitute about 2.7% of the total land area of Ghana. The topography of the region can be characterised as flat with a few hills. The soil has a coarse texture with a low level of organic matter content. The Upper East Region of Ghana has eight districts: Bawku Municipal, Bawku West, Bolgatanga Municipal, Bongo, Builsa, Garu-Tempane, Kassena Nankana East, and Talensi-Nabdam. A multi-stage stratified sampling technique was used to select the respondents. The first stage involved a purposive selection of two predominant rice producing districts. The districts included Kassena Nankana East and Bawku districts. The second stage involved a random selection of three hundred and fifty (350) rice farmers from Kassena Nankana East and 120 rice farmers from Bawku using the districts farmers' population. A survey questionnaire was used to collect relevant data from the farmers. Table 1 presents the results of the adoption of farm innovations among rice farmers in the study area. The study focused on the adoption of farm innovations such as fertiliser, pesticides, improved rice varieties, and row-planting technique. These farm innovations tend to be complementary. Therefore, the Ministry of Food and Agriculture is encouraging farmers to adopt them as a package. Overall, 68.30% of the farmers adopted at least one farm innovation, whereas the remaining 31.70% did not adopt any of the farm innovations. The evidence suggested that the adoption of farm innovations is gradually improving in the study area. However, a few farmers (38.94%) applied mineral fertiliser on their rice farms whereas the majority did not use fertiliser in their rice production. This result is not a surprise because most farmers were faced with budget constraints and they could hardly afford to purchase the fertiliser input. The results further revealed that 31.28% of the farmers applied pesticides to control diseases and pests in their rice farms. This result indicated that the adoption of pesticides as a farm innovation was low in the Upper East Region of Ghana. The production of rice in the study was associated with disease and pest infestation which could result in total loss. However, a few farmers could buy pesticides to control the diseases and pests on their farms. Table 1 indicates that 14.26% of the farmers had adopted improved rice varieties. This result demonstrated that the vast majority of the farmers still grew the traditional rice varieties which were associated with low yield and long maturity period. The results in Table 1 also indicated that the 23.62% of the farmers planted their rice in rows while the majority tended to broadcast their rice seeds. A recent study by Donkor et al. [12] suggested that the row-planting technique tended to make the application of agrochemicals and harvesting easier. In addition, row-planting permits the use of machinery to perform most of the farm operations such as the application of agro-inputs, weeding, and harvesting of rice output. The study concluded that the adoption of row-planting increased the yields of rice farmers in Northern Ghana. Our results revealed that 31.70% had not adopted any of the farm innovations, 38.72 had adopted one, 22.55% adopted two of the farm innovations, 5.32% adopted three of the farm innovations, whereas only a few (1.70%) had adopted all four farm innovations considered in the study. The average number of farm innovations adopted by the farmers was one with a minimum and maximum of 0 and 4, respectively.
Results

Adoption of Farm Innovations
Summary Statistics of the Variables Included in the Model
The means and standard deviations of the relevant variables included in the model are presented in Table 2 according to adopters and non-adopters. The result in Table 2 showed that the proportion of males in the adopter sample was higher than that of the non-adopter sample. Mean difference in gender showed statistical significance at p > 0.10%. The mean age, household size, education, rice farming experience of the adopters and non-adopters of the farm innovations were similar. The mean differences of these variables between the two groups were not statistically different from zero at p > 0.10%. The mean difference of labour input between the two groups was 38.83 man-days which were statistically different from zero at p > 0.01%. This showed that adopters employed higher labour input than non-adopters in the cultivation of rice. The proportion of adopters who cultivated their own farm lands was lower than that of non-adopters. The mean difference was statistically significant at p > 0.05%. The mean farm size of adopters was 1.285 ha, which was larger than that of non-adopters with a mean farm size of 0.845. The mean difference of farm size exhibited statistical significance at p > 0.01%. Table 2 . Means and standard deviations of the explanatory variables included in the model. Moreover, the proportion of adopters who had access to extension services or credit was higher than that of non-adopters. The mean differences of access to extension services or credit were statistically significant at 0.01%. This result implied that adopters had better access to institutional support services, notably extension services and credit. The mean distance to the nearest market for adopters was 6.114 km whereas that of the non-adopters was 7.455 km; the mean difference of −1.34 km was statistically significant at 1%. This indicated that adopters were located in places closer to market centres than non-adopters.
Variables
Adopters (A) (n = 321) Non-Adopters (B) (n = 149) Mean Difference (A-B) t-Value
Determinants of the Number of Farm Innovations Adopted
The Poisson estimates are presented in Table 3 . One of the important assumptions regarding the Poisson model is the equidispersion property which suggests that the expected mean and variance of the dependent are equal. The equidispersion property was validated using the expected mean and variance of the number of farm innovations adopted by the farmers in the cropping season. The predicted mean (1.016) and the predicted variance (0.904) are approximately equal, thereby fulfilling the equidispersion property of the Poisson model. The fulfilment of this property justifies the appropriateness of the application of the Poisson model in the empirical analysis. Moreover, the Wald Chi-square value (χ 2 (15) = 201.44) was statistically significant at p > 0.01, and this suggested that the explanatory variables had a joint effect on the number of farm innovations adopted by the farmers. The constant term showed no statistical significance even at p > 0.01%.
Note that for policy implications, the marginal effects are interpreted instead of the coefficient. The coefficients only provide the direction of the effects of the explanatory variables on the dependent variable, whereas the marginal effects provide both the directions and magnitudes of the effects of the covariates on the dependent variable. 
Once Equation (3) is estimated, the next step is to predict the residuals and include the predicted residuals ( R i F ) in Equation (2). This is expressed as:
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where Ri denotes rice yield (the quantity of rice output per hectare of land), ij Farminputs is a vector of farm inputs such as rice seed (the quantity of rice seed in kg) and labour input (mandays). where X is a vector of explanatory variables and ϒ is the parameter to be estimated. This Poisson model (1) is a non-linear model; therefore, the maximum likelihood estimation (MLE) method is employed to estimate the parameters. The MLE is expressed as:
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Equation (6) is then estimated with the OLS, and if the coefficient (ω ) of the predicted residuals is statistically significant, it confirms the endogeneity of Fi. In this case, Equation (3) is re-estimated, and the predicted number of farm innovations adopted (ˆi F ) is included in Equation (2) instead of the observed (Fi): 
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Equation (6) is then estimated with the OLS, and if the coefficient (ω ) of the predicted residuals is statistically significant, it confirms the endogeneity of Fi. In this case, Equation (3) is re-estimated, and the predicted number of farm innovations adopted (ˆi F ) is included in Equation (2) 
Human Capital
Out of the 11 human capital factors included in the model, five showed statistical significance at most p > 0.10%. The significant variables were farmer age, location dummy, experience in rice farming, labour input, and farm size. Notably, the marginal effect of farmer age exhibited negative signs which were statistically significant at p > 0.01%. This suggested that as farmers' age increased by a year, they tended to reduce the number of farm innovations adopted by 0.012. The result also showed that farmers located in the Kassena Nankana East District tended to increase the number of farm innovations adopted 0.631 higher than those located in the Bawku Municipal. It was also observed that as farmers became more experienced in rice farming, they were likely to increase farm innovations by 0.028. The labour input variable had a significant positive effect on the number of farm innovation adopted as indicated by the statistical significance of the marginal effect at p > 0.01%. The results indicated that as the farmers increased their labour input by a man-day, they tended to increase their farm innovations by 0.003. The empirical finding further suggested that as the farmers expanded their farm size by a hectare, they tended to increase the number of farm innovations adopted by 0.088.
On the other hand, the results showed that other human capital factors such as farmer gender, education, household size, and land ownership did not exhibit statistical significance even at 10%. This demonstrated that these variables did not influence the farmers' decision on the number of farm innovations they adopted in their rice farming in the Upper East Region of Ghana.
Institutional Factors
The empirical results in Table 3 revealed that all the two institutional factors (i.e., access to extension services and access to credit) incorporated in the empirical analysis had significant positive effects on the number of farm innovations adopted by the farmers. The marginal effects of farmer access to extension services and credit showed statistical significance at p > 0.01%. This result indicated that farmers who had access to agricultural extension services were likely to increase the number of farm innovations adopted in their rice farming by 0.408 higher than those who did not have access to Agriculture 2018, 8, 121 9 of 13 extension services. Access to credit tended to empower farmers to increase their farm innovations by 0.825. The long market distance was found to reduce the farm innovations used by farmers by 0.014.
Effect of the Number of Farm Innovations Adopted on Rice Output
The diagnostic results showed that the overall mean variance inflation factor (VIF) was far less than 10 which suggested that multicollinearity was not an issue in the model. Also, the Chi-square value (1.67) from the Breusch-Pagan test was not statistically significant, and this indicated the absence of heteroskedasticity in the model. The Smith and Blundell endogeneity test showed that the number of farm innovations adopted by farmers was indeed an endogenous variable; therefore, the predicted values were incorporated in the rice output function instead of the observed values to address the endogeneity problem in the model [19] . These results suggest that the OLS estimates are unbiased.
The F-statistic value (38.07) was statistically significant at p > 0.01% which indicated that the explanatory variables jointly explained the variation in rice output among the rice producers. This evidence is consistent with the R-square value (0.572) which implied that about 57.3% of the variation in rice output was explained by the independent variables included in the model. The dependent variable (rice output) and all the continuous variables were transformed into a natural logarithm. Hence, the coefficients represent the partial elasticities; a percentage increase in the rice output due to a percent increase in the respective variables.
The empirical result showed that the partial elasticity of the number of farm innovations adopted by farmers was positive and statistically significant at p > 0.01. This implied that a 10% increase in the number of farm innovations adopted by farmers tended to raise their rice output by 4.32%. The variable land had the greatest impact on rice output as shown by the partial elasticity of 0.747. This showed that a 10% increase in the land area cultivated by farmers tended to increase their rice output by 7.47%. However, the partial elasticity of labour showed no statistical significance although it exhibited a positive sign. This result suggested that labour input did not affect rice output.
Among the human capital variables, farmer age, secondary education, experience in rice farming, and location dummy exerted significant effects on rice output. The partial elasticity of age was negative and statistically significant at p > 0.05. This shows that a 10% increase in farmers' age tended to reduce their output by 2.15%. The positive partial elasticity of secondary education implied that farmers with secondary education had 1.6% of rice output greater than those with no formal education. Experience in rice farming showed a significant positive effect on rice output, and this suggested a 10% increase in farmers' experience in rice farming tended to enhance their rice output by 1.19%. Farmers in Kassena Nankana East District harvested 4.22% rice output greater than those in Bawku Municipal. The result also showed that the partial elasticities of farmer gender, household size, primary education, tertiary education, and land ownership showed not statistical significance even at p > 0.10%, which indicated that these variables had no effects on rice output.
With the exception of farmer access to extension services, all the institutional variables showed significant effects on rice yield at p > 0.01. Increasing farmers' access to credit tends to raise their rice output by 3.79%, whereas a 10% increase in the distance from farmers' community to the nearest market decreases their rice output by 0.10%.
Discussion
Determinants of Farm Innovations
The empirical findings clearly showed that human capital (i.e., farmer age, location, experience, labour, and farm size) and institutional factors (i.e., access to extension services, access to credit, and market distance) were the key determinants of the number of farm innovations adopted by rice farmers in Northern Ghana. Farmer age exhibited a negative influence on the number of farm innovations adopted within the cropping season. There is a general observation in the literature that when farmers get older, they tend to be more conservative in their conventional farming practices [7, 12] .
Moreover, studies have argued that older farmers are risk-averse; therefore, they may prefer to stick to a technology they are using rather than adopting more farm innovations [13, 20] . The reverse is true for young farmers. Our empirical findings are consistent with previous studies which had established a strong negative relationship between farmer age and their adoption behaviour or decision [7, 12, 13, 20] . Another important determinant of the number of farm innovations adopted by farmers was farmers' experience in rice cultivation. The study established a positive association between experience in rice farming and the number of farm innovations adopted farmers. The reason is that more experienced farmers are able to evaluate the benefits of using different farm innovations based on the accumulated knowledge gained over the years compared to those with less experience in rice farming. This observation collaborates empirical finding from Kijima et al. [14] . On the contrary, other studies found no significant effect of farming experience on farmers' adoption behaviour [11] [12] [13] 15] . The finding further revealed that farmers located in Kassena Nankana tended to adopt more farm innovations than those in Bawku Municipal. Farmers in Kassena Nankana had better access to support services such as extension services, credit, and good road networks. The availability and easy access to these support services in Kassena tend to encourage farmers to adopt more farm innovations in their rice farming. The availability of cheap labour input tends to stimulate farmers' decision to adopt more farm innovations. The adoption of farm innovations such as fertiliser, pesticides, and row-planting requires more labour; therefore, farmers with cheap labour source are more likely to adopt more farm innovations. This evidence agrees with the finding of Kijima et al. [14] and Noltze et al. [8] . The result further indicated that farmers with large farms tended to adopt more farm innovations than those with small farms. In the northern region of Ghana, wealthy farmers have large farms; therefore, they can afford to adopt more farm innovations, especially the capital-intensive innovations. Our finding is consistent with previous empirical studies that established a positive relationship between farm size and adoption of the decision of farmers [11] [12] [13] .
Institutional support services such as extension services and credit are important to positively influence farmers' adoption behaviour. More specifically, extension services create more awareness of farm innovations available to farmers. The extension agents understand the essence of adopting more than one farm innovations; they tend to encourage farmers to use different farm innovations to obtain higher yields. Therefore, farmers who had access to extension services were more convinced to adopt more farm innovations. In developing countries, particularly Africa, extension services have proven to be an important driving force behind the promotion and adoption of farm innovations [9, 11, 13] . Another important factor that is necessary to promote the adoption of farm innovations is the market. The result showed that an increase in the distance between farmers' community and the nearest market tends to discourage them from adopting more farm innovations. Long market distance increases the costs of transporting productive inputs such as fertiliser, improved rice and pesticides from the market to their homes or farms. Based on the farmers' landholdings, one can infer that most of the farmers are smallholders who face budget constraints. It is acknowledged that financial capital is needed to acquire the farm innovations, notably improved rice seed, pesticides and fertiliser. Therefore, farmers' access to credit enables them to purchase these productive farm inputs. This finding collaborates with an empirical evidence of Mariano et al. [9] .
Effects of Farm Innovations, Farm Inputs, Human Capital and Institutional Factors on Rice Output
The result in Table 4 suggested that the adoption of more farm innovations tends to increase rice yield. The farm innovations, viz., fertiliser, pesticides, row-planting and improved rice seed tend to be complementary. For instance, weeds in rice farms may compete with rice plants for the nutrients supplied by mineral fertilisers. However, if weeds are effectively controlled through the application of approved pesticides, nutrients from the fertiliser inputs can become more available to rice plants. Similarly, combining the productive agro-inputs with improved rice seeds and row-planting technique tend to generate better yields. However, the result showed that few farmers were using more than one farm innovations; therefore, the farmers had not yet achieved the potential yield. This suggests that holistic and rigorous measures are required to ensure that farmers adopt the full package of the farm innovations. It is acknowledged that the use of agro-inputs, notably chemical fertilisers and pesticides could be harmful to the agro-ecological environment and human. Therefore, a careful education and supervision is required to ensure that the farmers apply them with caution. Besides farm innovations, the empirical findings showed that farm inputs such as land tended to increase rice output. Studies have shown that an expansion in area land is one of the key drivers of agricultural output among smallholder farmers in Africa [7, 20, 21] . In rice farming, some studies have established a positive relationship between rice output and land area [7, 12, 21] . Human capital such as farmer age showed a negative effect on rice output. As farmers become older, their labour productivity tends to decline; this consequently reduces their total rice output. This result supports the previous finding of Abdulai and Binder [7] , Donkor and Owusu [20] and Owusu et al. [21] that attributed the low agricultural productivity in Africa to the ageing population of farmers. Secondary education was found to increase rice output of farmers. Formal education, particularly, secondary level, helps to improve the cognitive and managerial skills of farmers. This enables farmers to combine effectively farm inputs that generate a higher rice output. Experience in rice farming tends to improve rice output of farmers. More experienced farmers have accumulated adequate knowledge regarding the relevant farm innovations and practices which enhance rice output. Also, farmers located in Kassena Nankana obtain a higher rice output than those in Bawku Municipal. As noted earlier on, farmers in Kassena adopted different farm innovations; therefore, it not surprising that they obtained a higher rice output. More importantly, soils in Kassena are characterised as the Savannah ochrosols which are porous, well-drained, loamy, and mildly acidic and interspersed with patches of black or dark-grey clay soils. This soil type is suitable for crop production including rice. Kassena has water bodies including an irrigation dam (Tono irrigation project dam), one of the large irrigation dams in the Upper East Region, which supply water for many smallholder farmers, notably rice producers. The aforementioned suitable environmental conditions tend to contribute to the higher rice output of the farmers in the Kassena-Nankana East District of the Upper East Region.
Access to credit and distant to market were the institutional factors that affected rice output of farmers. Access to credit enables farmers to overcome the issue of budget constraints; they can purchase productive inputs such as land, labour, fertiliser and pesticides which empower them to increase their rice output. On the other hand, long distance to nearest market centres reduces rice output of farmers. In most farming communities in Northern Ghana, farmers travel to nearby peri-urban centres to purchase farm inputs. A long distance tends to discourage farms to intensify the use of productive inputs since they are costly to acquire considering the associated transportation costs.
Concluding Remarks
The adoption of improved farm innovations is required to ensure a constant supply of food to meet the ever-increasing demand both globally and locally. The present study has analysed the factors that influenced the adoption of the number of farm innovations adopted by rice farmers in the cropping season. The study drew on a primary dataset from 470 rice farmers from two districts in the Upper East Region of Ghana. The Poisson regression model was employed in the empirical analysis. The study concluded that the overall adoption of the farm innovations was encouraging. However, the adoption of the individual farm innovations remained low in the study area. The key factors that influenced the number of farm innovations adopted were generally classified into human capital and institutional. Among the human capital factors, labour input, experience in rice farming, farm size, and location-specific tended to positively influence farmers' decision to increase the number of farm innovations adopted in the cropping season whereas farmer age decreased the number of farm innovations adopted. Institutional factors, notably farmer access to extension services and credit tended to encourage farmers to adopt more farm innovations. Market distance tended to reduce the number of farm innovations adopted. These findings suggest that there is the need to pay particular attention to institutional and context specific variables rather than focusing on micro variables such as education, household size, land ownership, and gender.
The study also concluded that adopting different farm innovations, particularly, the whole package (fertiliser, row-planting, improved rice variety, and pesticides) are required to sustainably increase the rice yields to meet the ever-increasing domestic rice demand. Achieving this goal demands that a holistic policy framework that ensures an effective delivery of extension services by empowering the agricultural extension directorate with adequate mobility infrastructure such as vehicle and motorbikes, relevant training as well as recruiting new extension agents. We advise that the extension agents should intensify the education of farmers on the effective use of the agro-inputs, notably fertilisers and pesticides, to ensure that they are not misused to become harmful to the agro-ecological environment and human survival. It is acknowledged that adequate capital is requisite to the adoption of the farm innovations; therefore, it is recommended that affordable credit with flexible terms of payment should be provided to the farmers. Moreover, it is important to get innovative farm inputs such as fertiliser, pesticides, and improved rice variety closer to farmers. This may require the establishment of farm input market outlets in farming communities to enable farmers to have easy access to the inputs. Policy should also intensify education on adopting the farm innovations as a package, particularly among older farmers. It is expected that the appreciation and effective implementation of these policies will encourage farmers to increase the number of farm innovations adopted so as to ensure sustainable supply of rice. 
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